Embryonic stem cells (ESCs) are characterized by a dual capacity, selfrenewal and pluripotency, which can be regulated by metabolism. A better understanding of ESC metabolism and regulatory mechanisms is pivotal for research into development, ageing, and cancer treatment. However, a systematic and comprehensive delineation of human ESC metabolism is still lacking. Here, we reconstructed the first genome-scale metabolic model (GEM) of human ESCs (hESCs). By GEM simulation and analyses, hESC global metabolic characteristics including essential metabolites and network motifs were identified. Potential metabolic subsystems responsible for self-renewal and pluripotency were also identified by analyses and experiments. This first GEM of hESCs provides a novel view and resource for stem cell metabolism research and will contribute to the elucidation of their metabolic characteristics.
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Keywords: amino acid deprivation; essential metabolites; genome-scale metabolic models ; human embryonic stem cells; network motifs Embryonic stem cells (ESCs) are characterized by the dual capacity of self-renewal and pluripotency, which are fine-tuned by signals from the microenvironment and cell-intrinsic networks. Elaborating the regulation of this specific capacity is crucial for the understanding of normal development, ageing, tissue regeneration, and the novel therapies of cancer and degenerative diseases.
An increasing number of studies have suggested that stem cell metabolism is an active regulatory mechanism related to lineage commitment, specification, and selfrenewal, rather than a byproduct of cell fate status [1] .
For example, many types of stem cells have been shown to rely heavily on anaerobic glycolysis, and to be regulated by bio-energetic signaling and fatty acid metabolism [2] . Depletion of threonine from mouse embryonic stem cells (mESCs) has been shown to result in slowed growth and increased differentiation [3] . Pluripotent stem cells derived from in vitro cultured inner cell masses have shown high rates of glycolysis. Also, a switch from oxidative phosphorylation (OXPHOS) to glycolysis has been found to occur during somatic cell reprogramming [4] . Increased pentose phosphate pathway activity in embryonic stem cells (ESCs) has been found to enable rapid nucleotide synthesis for cell proliferation in a manner similar to the Warburg effect in cancer cells [5] . Although previous studies have shed light on relations between metabolism and stemness, they have merely focused on a single metabolic programming factor or several linear metabolic pathways. A systematic and comprehensive delineation of human ESC (hESC) metabolism remains to be achieved.
The genome-scale metabolic model (GEM), a wellestablished computational approach, can systematically capture genotype-phenotype relationships from genomic and bibliomic data, and precisely elucidate the unique metabolic states by contextualizing multiple cell-specific omics data. This approach has been successfully used for a variety of applications [6] . In recent years, generic GEMs of human metabolism have been published [7] [8] [9] . By integrating with time course metabolomics data, generic GEM [7] has been used for capturing dynamic changes between prime and na€ ıve states during mESC metabolic rewiring [10] . By combining with transcriptomics data, tissue-or cell-specific models have been generated based on the above generic models to describe metabolic status [11, 12] and applied for identification of the underlying cellular mechanisms in complex diseases [13] . Besides, personalized GEMs for cancer patients have also been reconstructed and used to identify selective anticancer drugs [14] . Because a GEM describes network topology and multiple types of molecules (not only metabolic genes but also metabolites) involved in various metabolic processes, GEM-based analysis goes beyond the traditional single category of molecule-based analysis and enables the comprehensive and systematic analysis of metabolic characteristics.
Here, we reconstructed the first GEM of hESCs. A snapshot was taken of comprehensive hESC metabolism by analyses of model constituents, essential metabolites and metabolic network topology. Novel relations between metabolic pathways and selfrenewal/pluripotency were predicted by using cell-specific pathway expression analyses, and three of them were experimentally validated.
Materials and methods

Microarray expression datasets
The gene expression raw datasets for 33 samples of six hESC lines (information for samples is listed in Table S1 ), 27 samples of nine NCI60 lines and 20 samples of nine corresponding normal tissues were downloaded from the GEO databases (February 2016) (Table S2) , and only expression data from the HG-U133 platform were retained. Quality control and normalization are described below. To ensure the quality of gene expression profiles, we only selected datasets supported by peer-reviewed articles and used a uniform, approved data process protocol [15] to process these raw data. During the model construction phase, the 'MAS5' method in the 'AFFY' package for BIOCONDUCTOR [16] was used to screen for absence or presence of probes, and extract and normalize gene expression values. When comparing expression data between different studies, we normalized all these gene expression data by the 'robust multi-array average' (RMA) method (quantile normalization and log 2 transformation) [16] .
Calculation of Euclidean distance between a pair of expression profiles
Transcriptomic data of samples in three cell/tissue types (A: six hESC lines; B: nine NCI-60 cancer cell lines; C: corresponding physiological tissues) were normalized. The Euclidean distance (RMSD) between a pair of expression profiles in any two types (A and B, A and C, B and C) was measured as:
where x i and y i are the expression of gene i over two expression profiles, n = 3765 is the number of genes assigned to the Human Metabolic Reaction database (HMR) 2.0.
Reconstruction of the metabolic network model
An in-house Python package was developed based on the tINIT algorithm [14] and COBRAPY package [17] to reconstruct the metabolic network model including a Python script to process the microarray datasets for tINIT input. The HMR 2.0 we chose is the largest biochemical reaction database for human metabolism [9] and the most comprehensive compilation of HMRs, and has been widely used in studies of cell-or tissue-specific metabolism [18, 19] , personalized drug identification [14] , and metabolic liabilities of cancer [20] . During the reconstruction process, 56 metabolic functions known to occur in all cell lines were used according to the tINIT algorithm. These defined metabolic tasks are listed in Table S3 . Our models are available in SBML and Excel formats and can be downloaded from our website (http://lidong.ncpsb.org/gem/).
Prediction of essential metabolites
To prepare simulation-ready models, we tested all individual reactions were balanced and guaranteed that high-energy ATP cannot be generated from low-energy ADP. For each unique metabolite in each hESC GEM, we constrained the fluxes of irreversible reactions that used the metabolite as a substrate and reversible reactions in the direction where the metabolite was a substrate to zero. GEM was then tested by performing each of the 56 tasks defined in Table S3 . The metabolite was predicted to be an essential metabolite when the model failed the GROWTH task. This process was performed for each hESC model and cancer cell line model. 2 , sulfate, thioredoxin, oxidized thioredoxin, P i , and PP i were excluded in our network motif analysis. Also, transport reactions across membranes were also removed. As we used FANMOD [21, 22] for fast network motif identification, substrate graphs were reconstructed following the FANMOD specifications. Our metabolic networks were presented as substrate graphs where nodes were metabolites and edges represented the interactions between chemical species.
Metabolic network motif analysis
In this analysis, to determine the abundance of motifs in metabolic networks, FANMOD generated 1000 random networks of equal node and edge size for comparison and estimated the occurrences of a particular motif purely by chance. Aiming at making valid comparisons across different cells, we calculated normalized z-scores by:
where N meti is the number of appearances of motif i in the real metabolic network, and mean and std of N randomi are the average and standard deviation of its occurrences in the randomized network ensemble. In order to compare networks of differing sizes, the above calculated z-scores were normalized to unit length to generate the motif distribution (SP):
Motifs were considered enriched when normalized zscores were greater than zero, and suppressed when normalized z-scores were less than zero.
To select motifs for the pathway participation analysis (Fig. 3) , we first compared the z-scores of the motif in six hESC metabolic networks with z-scores in nine tumor metabolic networks (Student's t test and corrected by the Benjamini-Hochberg method). Moreover, hESC-normal comparison and tumor-normal comparison of this motif were accomplished similarly. Then, we selected motifs that were significantly different (false discovery rate < 0.05) in both stem-normal comparison and tumor-normal comparison, but not significantly different in stem-tumor comparison.
To measure the metabolic subsystem participation of each motif, we took the following protocol. For every motif identified by FANMOD, we extracted the set of biochemical reactions that form the motif, and for each reaction in this set, we retrieved the corresponding pathway annotation contained in hESC GEMs.
Calculation of metabolic subsystems expression difference
Metabolic subsystems with significant difference between hESC lines and cancer cell lines/normal tissues were identified by two steps, according to a similar scheme in [23] . First, for each gene a in this subsystem, we calculated its expression difference between hESC sample i and all samples from one type of cancer/normal tissue,
where x i a is the expression in hESC sample i, and y a is the expression in the s cancer samples (y 1 , y 2 , . . ., y s ) in the identical cancer/tissue type. Then, we used the Wilcoxon signed-rank test of DE for all genes within this subsystem to determine the significance of gene expression difference between this hESC sample i and tumor/tissue samples. For each metabolic subsystem, we calculated the fraction of hESC samples that were significantly altered (up-regulated and down-regulated, Benjamini-Hochberg-corrected P < 0.05) relative to each tumor/tissue type. The mean rank of all these fractions ('gene expression difference') across nine cancer/tissue types was used to investigate metabolic subsystems whose expression was greatly altered in most hESC samples compared with cancer cell lines and normal tissues.
However, considering heterogeneity of cancer types, we compared each cancer cell line with corresponding normal tissue. On the basis of homogeneity of hESC lines proved in Figs S2 and S3, we treated all hESC samples as a whole for their comparison with cancer and normal tissues.
Culture of human embryonic stem cells
The hESC line H9 was cultured on a Matrigel (BD Biosciences, San Jose, CA, USA)-coated dish with feeder-free culture medium Essential 8 medium (Gibco, Waltham, MA, USA, A1517001) for control, and with commercially customized amino acid-deprived Essential 8 medium (Gibco, ME17316L1, ME17317L1 and ME17318L1) for experimental conditions. The colonies were manually passaged with 0.5 mM EDTA (Invitrogen, Carlsbad, CA, USA, pH 8) every 4-6 days and maintained at 37°C with 5% CO 2 . The H9-ESC line was regularly tested to maintain it as mycoplasma free and karyotype normal.
Flow cytometry
For EdU labeling, 10 lm EdU solution (Thermo Fisher Scientific, Waltham, MA, USA) was added to medium 30 min before the EdU test. Cells were dissociated with Accutase for 6-8 min and further dispersed into single cells. Cells were then washed twice with PBS and washed one more time with flow cytometry staining buffer (Invitrogen, 00-4222-57). Cells were then fixed in 4% (m/v) paraformaldehyde in PBS for 30 min. Then cells were collected by centrifugation and washed twice with chilled cell staining buffer. After 30 min of penetration by 0.5% saponin (m/v), cells were then washed twice with cell staining buffer. EdU staining (Thermo Fisher Scientific) was performed for 30 min in EdU buffer. TUNEL Alexa Fluor TM 647 (Thermo Fisher Scientific) was used for an apoptosis assay. For each sample, 10 000 events were captured on CytoFLEX S (Beckman Coulter, Indianapolis, IN, USA), and data were analyzed with CYTEXPERT (Beckman Coulter).
Human embryoid body differentiation
Human embryoid bodies (EBs) were generated from undifferentiated hESC line H9 [24] . In brief, hESC line H9 was exposed to a low concentration of dispase (Invitrogen; 1.2 mgÁmL À1 ) for 5-8 min. Suspended colonies were subsequently transferred into ultra-low-attachment 100 mm plastic plates (Corning, New York, NY, USA) to form EBs, in medium containing Dulbecco's modified Eagle's medium (DMEM)/F12 (Gibco), 20% KnockOut Serum Replacement (Gibco), GlutaMAX (Invitrogen; 1009) and 0.1 mM 2-mercaptoethanol (Sigma-Aldrich, St Louis, MO, USA) for control. For amino acid-deprived EB formation, DMEM/F12 (Gibco) was replaced by commercially customized amino acid-deprived DMEM/F12 (Gibco). Medium was changed every 2 days. From the beginning of differentiation culture, all EBs were maintained at 37°C with 5% CO 2 for 12 days. Washington, NY, USA, P66485) on 200 mA for 2 h. The membrane was blocked in 5% evaporated milk in Tris-buffered saline with Tween 20 (0.1% TBST) buffer for 1 h followed by incubating with primary antibodies overnight at 4°C. On the next day, membranes were washed three times with TBST, 5 min each time, and then incubated with horseradish peroxidase-conjugated secondary antibodies for 2 h at room temperature. Protein bands were visualized using SuperSignal West Pico PLUS Chemiluminescent Substrate (Thermo Fisher Scientific, 34580), and blot images were captured with the Tanon 5200 Automatic chemiluminescence image analysis system. The dilution of antibodies used in western blotting was as follows: Anti-Oct4 antibody -ChIP Grade. The full product name can be found in Abcam website (https://www.abcam.com/oct4-antibodychip-grade-ab19857.html) (Abcam, Cambridge, UK, ab19857) 1 : 500, Anti-Nanog antibody -ChIP Grade. The full product name can be found in Abcam website (https:// www.abcam.com/nanog-antibody-chip-grade-ab21624.html) (Abcam, ab21624) 1 : 500, Anti-GAPDH antibody -Loading Control. The full product name can be found in Abcam website (https://www.abcam.com/gapdh-antibody-loadingcontrol-ab9485.html) (Abcam, ab9485) 1 : 1000.
Quantitative real-time PCR
Quantification and statistical analysis
The wet experimental data were presented as the mean AE SD. Statistical analyses were carried out using PRISM 6 (GraphPad Software, San Diego, CA, USA). An unpaired Student's t test was used to calculate statistical significance with P values. A value of P < 0.05 was considered significant: *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.
Availability
The full source codes for model reconstruction and basic analyses are available at http://lidong.ncpsb.org/gem/.
Results
Reconstruction of GEMs for hESCs
Firstly, GEMs for six hESC lines were reconstructed by using the tINIT algorithm [14] , integrating the HMR 2.0 [9] and cell line specific transcriptomic data (Table S1 ). The tINIT algorithm, an advanced version of INIT [12] , can take various types of data as inputs and is a task-driven reconstruction approach that enables generated models to perform the defined metabolic tasks and to maintain consistency with transcriptomic data. Most importantly, the generated functional models can be directly applied for simulation and analysis [14] .
The reconstructed six hESC-GEMs account for 3772-5104 reactions involving 3188-3892 metabolites and is associated with 2045-2404 genes (Fig. S1A) . A total of 5720 reactions, 4311 metabolites, and 2670 genes are involved in all hESC-GEMs, and 59.72% (n = 3146) of reactions, 62.58% (n = 2698) of metabolites, and 64.98% (n = 1735) of genes are presented in all models. Altogether, 654 reactions, 465 metabolites, and 152 genes are cell line specific (Fig. S1B) .
Then, to reveal hESC metabolic characteristics systematically, we took cancer cell lines and normal tissues as references. Transcriptomic data of nine NCI-60 cancer cell lines and corresponding physiological tissues were collected. We first checked the Euclidean distance measurements to ensure the existence of a global metabolic gene expression difference between hESC lines and the aforementioned references (Fig. S2) . Besides, both the Euclidean distance measurements and the Pearson coefficient measured between any two hESC samples showed the homogeneity of different hESC lines (all the Pearson coefficients were higher than 0.85; Fig. S3 ). Hence, nine cancer cell line-specific and nine corresponding normal tissue-specific GEMs were also reconstructed (Table S2) for comparison with hESC GEMs. As shown in Table S2 , the sizes of reference models were slightly smaller.
We screened biochemical reactions, metabolites and metabolic genes that presented in all specific models within a certain type (type A: hESCs; type B: NCI-60 lines; type C: normal tissues) and made comparisons between any two different types. We found that hESC models contained far more specific reactions, metabolites, and genes than the other two types of models (Fig. 1A) . Metabolic subsystem enrichment analysis showed that only 11 out of 127 subsystems exhibited different patterns among three types (Fig. 1B) . For example, glycerolipid metabolism was significantly enriched in five normal tissues, one cancer cell line, but no hESC lines. Also, prostaglandin biosynthesis was significantly depleted in four hESC lines, four cancer cell lines, but no normal tissues.
Essential metabolites of hESCs
To test whether a metabolite is essential for cellular growth, we can remove it from GEM and constrain fluxes of major and rerouting reactions relevant to this metabolite to zero. If this removal fails cellular growth computationally, this metabolite is regarded as being essential. Metabolite essentiality analysis can be used to elucidate cellular robustness and characteristics [25] . Identification of essential metabolites may shed light on the most pivotal metabolic function for cell growth as essential metabolites may distribute in the weaker parts of the metabolic network.
Here, we predicted 529 essential metabolites in total for six hESC lines (Fig. 2A) ; 69.5% (n = 368) of them were shared by all cell lines, 20% were distributed in two to six cell lines, and only 55 metabolites were cell line specific. Pathway enrichment analysis was applied to 368 shared essential metabolites (Fig. 2B) . Significantly enriched pathways included b-oxidation of fatty acids and FA activation, while significantly depleted pathways included purine metabolism, N-glycan metabolism and folate metabolism. This depletion suggested that alternative pathways might exist to enable these pivotal metabolic processes in hESCs.
In addition, 687 metabolites were identified as essential metabolites for nine cancer cell lines. By comparing essential metabolites between hESC lines and cancer cell lines (Fig. 2C) , we found that 521 of them were overlapped and only eight metabolites were hESC specific and might be crucial for hESC maintenance. Among these eight hESC-specific essential metabolites, the functions of glutathione (GSH), glutathione disulfide (GSSG) and sphingosylphosphorylcholine (SPC) in stem cells have been previously investigated. As reported, a high level of GSH is required for hESC maintenance [26] [27] [28] [29] . A recent study has shown that GSH accumulation inhibits reactive oxygen species production that is essential for hESC self-renewal [30] . GSH can create a reduced microenvironment to protect hESCs. Yanes et al. [31] have also claimed that GSH/GSSG ratios influence hESC maintenance. SPC can induce human mesenchymal stem cell self-renewal and proliferation. As the human mesenchymal stem cell is also a pluripotent cell, this finding may indicate the function of SPC in hESCs [32] . As for the other five essential metabolites, we hope they will inspire the research community.
Motif features of hESC GEMs
Motifs are patterns with significant higher occurrences in complex networks than in randomized networks [33] . Recent studies have demonstrated that metabolic network motif abundance is related to biochemical functions and able to capture inter-species differences [34, 35] .
Here, we constructed 24 substrate graph networks to represent 24 cell/tissue-specific GEMs. The abundance of four-node motifs in each network was estimated by comparison with a collection of random graphs. Motifs with normalized z-scores greater than zero were considered enriched and with less than zero, suppressed. Based on normalized z-scores of four-node motifs, we clustered all cell/tissue-specific metabolic networks (Fig. S4) . We found that all hESC lines stayed in one cluster and were closer to Eleven subsystems with different enrichment/depletion patterns among three types of models. All these subsystems are of statistical significance in each GEM (hypergeometric distribution test, P < 0.05). Color coding represents log2(enrichment ratio) reflecting depletions (deep blue), no depletions/enrichment (white) and enrichment (deep red). For example, prostaglandin biosynthesis is significantly depleted in four hESC lines, four cancer cell lines, but no normal tissues. The significant depletion in < 50% of the cancer cell lines also indicates the heterogeneity of different tumor types (Fig. S2) .
cancer cell lines than normal tissues. This phenomenon might imply similarities between hESC lines and cancer cell lines in terms of common properties such as proliferation. Considering each cellular network has a typical motif abundance pattern (Fig. S4) , we identified motifs with significant differences between any two types of GEMs by Student's t-test and Benjamini-Hochberg multiple hypothesis correction. We found that three motifs were significantly enriched in both hESCs and cancer cells. By investigating pathway participation of these three motifs, we found that most of the metabolites in two motifs ('motif 990' and 'motif 18634') were involved in nucleotide metabolism (Fig. 3) . Furthermore, 12 actual biochemical reactions and 41 related genes (Table S4 .1) involved in these two motifs were identified in nucleotide metabolism. Most of the genes (28 out of 41) are RNA polymerases, including different subtypes and subunits. Gene Ontology enrichment analysis of all genes shows that the top-rank enriched processes are clearly related to self-renewal (Table S4. 2). For instance, in nearly all eukaryotic cells, RNA polyadenylation is necessary for nuclear export and the stability of the mature transcripts [36] . Also, RNA 3 0 -end processing is essential for ESC selfrenewal [37] . Hence, cell-specific motif enrichment may reflect cellular unique metabolic functionality.
Metabolic subsystems with gene expression difference in hESC GEMs
Specific metabolic pathways play crucial roles in dictating self-renewal and lineage specification [38, 39] . GEMs provide a detailed and context-specific description of pathways with genes, metabolites, and biochemical reactions as metabolic subsystems. In our hESC GEMs, metabolic subsystems with cell-specific constitution were supposed to act as a framework for exploring gene expression difference among various conditions and to provide a highway for cell-specific metabolic feature identification.
To identify metabolic subsystems that unravel metabolic requirements for stemness maintenance, we analyzed the gene expression difference of specific subsystems among each GEM we reconstructed, and determined the significance of such expression difference between any two GEM types using the Wilcoxon signed-rank test (Fig. 4A) . We paid attention to two types of particular subsystems.
A type of subsystem with higher activity in most hESC samples and cancer samples than in normal tissues may hint at its correlation with cellular proliferation (Fig. 4A, left) . These subsystems included nucleotide metabolism and aminoacyl-tRNA biosynthesis, which were essential for self-renewal. Along with them, pentose phosphate pathway, cysteine and methionine metabolism, and omega-6 fatty acid metabolism also exhibited the same expression pattern, suggesting that these pathways might also be responsible for self-renewal, which was consistent with the previous reports [40, 41] . The other type of subsystems showed higher expression in most hESC samples than in normal tissues and cancer samples, but their activities were close in normal tissue samples and cancer samples (Fig. 4A, right) . We assumed that subsystems that followed this pattern were closely related to cellular pluripotency, and research results by some other scientists also supported our findings [3, 42] . For each of the above pathways, differentially expressed genes are listed in Table S5 .
To verify the above in silico findings (Fig. 4A) , we designed and performed what have been recognized as key experiments in previous studies [43, 44] to identify the relations between metabolic subsystems and selfrenewal/pluripotency phenotypes. By culturing H9 in commercially customized amino acid-deprived medium, we provided experimental evidence for three predicted amino acid metabolism subsystems, which were arginine and proline (Arg and Pro) metabolism, glycine, serine and threonine (Gly, Ser and Thr) metabolism, and cysteine and methionine (Cys and Met) metabolism (Fig. 4B-F) .
We observed the significance of Arg and Pro depletion for hESC pluripotency for the first time. As shown in previous studies, L-proline availability regulates mESC identity [45, 46] , while no related research has been done for non-essential amino acids in hESC. After 48 h of Arg and Pro deprivation, we found decreased pluripotency in H9 by down-regulated expression of NANOG and OCT4 (Fig. 4B) . We then tested whether this deprivation affected the formation of germ layers. During embryoid body (EB) differentiation, the marker genes of ectoderm, NESTIN and TUJ1, were significantly up-regulated (Fig. 4C) ; however, the marker genes of other layers, including BMP2 and BMP4 (mesoderm, Fig. 4D ) and SOX17 and AFP (endoderm, Fig. 4E ), were not significantly affected. These results suggested that the deprivation of arginine and proline, although they are non-essential amino acids, might specifically potentiate ectoderm differentiation, providing new perspectives for research of metabolic regulation in lineage specification, and further offering valuable clues to elucidate the underlying molecular mechanisms. In addition, Gly, Ser, and Thr triple deprivation also decreased NANOG expression but differently potentiated endoderm differentiation potency ( Fig. 4B-E) , which was also first reported in hESC, expanding the frontiers of previous work in mESCs [3] . Besides, we tested whether cysteine and methionine metabolism affected hESC self-renewal. Under double deprivation, bright field microscopy and time-dependent studies indicated reduced self-renewal in H9 (Fig. S5) . Though Met metabolism was reported as a regulator of hESC maintenance previously [43] , we found that the deprivation of Cys and double deprivation of Cys and Met also resulted in impaired hESC self-renewal (Fig. 4F) , which extended previous understanding.
Since short-term deprivation of amino acids was positive for promoting specific germ layer differentiation potency, it might be used to generate masses of highly purified differentiated cells with higher efficiency. These cells (GABAergic neurons [47] , hepatocytes [48] , and cardiocytes [49] ) can be used for research and clinical transplantation trials to advance regenerative medicine.
Discussion
In this paper, we dedicated our efforts to a systematic and comprehensive delineation of ESC metabolism and presented the first hESC metabolic models as helpful resources for stem cell metabolism research. By GEM simulation and analyses, hESC global metabolic characters including essential metabolites and network motifs were identified. Further pathway expression activity analyses were performed to predict potential metabolic subsystems responsible for self-renewal and pluripotency, among which Arg and Pro depletion was confirmed for the first time to influence hESC pluripotency by experimental validation.
In our motif enrichment analysis (Fig. 3) , by investigating pathway participation of the above motifs, we found that most of the metabolites in those two motifs were involved in nucleotide metabolism that is closely related to self-renewal. Surprisingly, we found OXPHOS also occupied a high proportion. As reported, OXPHOS may also generate energy in hESCs. Birket et al. have identified that in vitro, hESCs fund an estimated 77% of their ATP demand through oxidative phosphorylation by Seahorse XF-24. The expression pattern of mitochondrial gene regulators has also indicated high reliance of hESCs on oxidative phosphorylation [50] . Moreover, in specific hESC cell lines such as MEL-2 [51] , or in certain culture conditions such as maintained feeder-free in mesenchymal stem cell-conditioned media [52] , hESCs exhibited a high rate of mitochondrial oxidative phosphorylation. In addition, the up-regulation of TCA cycle-related genes in hESCs was also reported to be related to high proliferative rates [53] . However, hESCs are known to be mainly glycolytic. With regard to the reason why OXPHOS but not glycolysis participates in motifs with a high proportion shown in Fig. 3 , we think that it is mainly because different metabolic subsystems have different intrinsic topological structures. By investigating the structures of the metabolic subnetworks of glycolysis and OXPHOS, we found that OXPHOS subnetwork contained 20 kinds of fournode motifs, while glycolysis only contained six kinds of four-node motifs. Therefore, OXPHOS is much more easily identified in our four-node motif analysis.
As the first hESC GEM, there is still room for improvement. To generate a more accurate and context-specific model, we can integrate multi omics data such as proteomic or time-course metabolomic data, define a hESC-specific metabolic task list and also tailor the biomass reaction towards hESC. However, there are still no existing proteomics or metabolomics datasets good enough to represent general hESCs. In the future, with the generation of available datasets, improved hESC GEMs can serve as better resources for stem cell metabolism research. The full gels are shown in Fig. S6 . GAPDH, glyceraldehyde 3-phosphate dehydrogenase. (C-E) During EB differentiation, both ArgÀProÀ and GlyÀSerÀThrÀ potentiate differentiation potency of specific germ layer. Expression of (C) ectoderm markers NESTIN and TUJ1, (D) mesoderm markers BMP2 and BMP4, and (E) endoderm markers SOX17 and AFP in day-12 EBs was measured by qRT-PCR analysis. (F) After 24 h, the effects of CysÀ, MetÀ, and CysÀMetÀ on relative cell number. Values represent mean AE SD (n = 3, **P < 0.01, ***P < 0.001, ****P < 0.0001, by unpaired Student's t test).
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